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METU-KOVAN Middle East Technical University, Ankara, T
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1 INTRODUCTION 1

1 Introduction

The goal of Task 3.3 is to settle the newly developed formal theory [1] as well as the
methodology outlined for the recognition of affordance cues [2] within the sensory-motor
context of affordance relations. The particular investigation of this task is towards the
revealing of the causality between perception and the effect (i.e., the utility) of actions or
behaviors in general. The utility of an (inter-)action provides a purpose for the selection
of an (inter-)action. In this context, the affordance cue must be associated beforehand
to the utility of the related potential interaction in order to enable the agent to decide
about whether to initiate the interaction or not and hence taking the risk to achieve a
desired effect in the environment. Within the spatio-temporal sensing capabilities of a
robotic agent, the sensory-motor context is defined by the structural components in its
sensor grounded reality that build up perceptual events for decision making (=cueing), the
interaction with the environment, and the effect achieved from the interaction that must
be sensed and classified within the perception-action based experience characterized by
features in space and time. Hence not only perception is involved in structuring the robot’s
reality but also the sensory-motor experience that must be classified in order to build up
context and causal relations. The presented report provides prototypical arguments and
methodology that embeds perception in a framework of decision making, enabling to learn
structures and events of relevance in the affordance relations.

Section 2 will first investigate the issue of affordance cueing with the sensory-motor
context, and present a framework of decision making that brings affordances in relation
to reinforcement driven action selection. Section 3 describes in detail the implementation
issues for the examples of learning the affordance relation of ‘liftability’. Finally, Section 4
summarizes the state of work in Task 3.3 and looks out on future results.

2 Affordance Cueing and Sensory-Motor Context

This Section first discusses the concept of affordances in the context of categorization
in sensory-motor processing. Then we present arguments for extracting affordance based
cues using reinforcement learning. Finally, Markov Decision Processes (MDP) are referred
to as the mathematical framework in order to embed affordance based cueing in a theory
of decision making.

2.1 Affordances and Sensory-Motor Processing

The perception of robotic agents who are equipped with a set of sensors for complex
information interpretation is facing a continuous stream of sensory processing in space and
time. Grounding any abstractions in this stream means to extract prototypical entities that
enable the agent to act reasonably and purposefully to fulfill its given tasks. Perception-
action relations must be clustered into discrete prototypical events that structure the
continuous stream into a consistent image of abstracted reality.

Affordances are in this context prototypical perceptions that enable the anticipation
of future events, under the constraint of successful targeted interaction with the environ-
ment. The affordance relation affordance(cue, action, outcome) is an abstraction of the
sensory-motor processing that links prototypical perceptions (cue, outcome) with interac-
tion (action) in a prototypical association. Affordance should not be predefined in order



2 AFFORDANCE CUEING AND SENSORY-MOTOR CONTEXT 2

To prevail autonomy of the agent, to make it capable to learn from and interact with
unforeseen experiences. As argued and outlined in deliverable D5.2.1, unsupervised learn-
ing would only enable to structure according to the principle of similarity, without any
reference to the relevance of the agents perception. In contrast, supervised learning would
hinder the agent from autonomous behaviour by rendering it dependent on supervision.
Finally, reinforcement learning is driven by rewards and enables to develop prototypical
entities merely from the evaluating feedback in abstraction to the major objectives of
the agent. Building prototypical perceptions from relevance feedback preserves autonomy,
structuring of sensory-motor processing for its relevance for the goals of the agent, and
enables autonomous classifications due to only utility based prioritizing.

Since affordance cues are defined to be invariants, relevant features, i.e., relevant pro-
totypical entities that enable prediction to relevant effects or states in the future, we need
a framework for the structuring of sensory-motor processing from relevance feedback. Re-
inforcement learning is the typical framework to support these kind of requirements, as
outlined in more detail in the following Section.

2.2 Affordances from Reinforcement Learning Context

Robotic agents are involved in a perception-action cycle with the environment. Since rele-
vance feedback is important for the structuring of relevant entity prototypes (Section 2.1),
reinforcement learning should become a major methodology to be investigated for the
extraction of affordance relations from sensory input.

In the previous work of [3], affordances have already been introduced in the closed-
loop learning of behavioural strategies. In particular, reinforcement learning has been
proposed for the optimization of internal physical stability (Fig. 1(a)). They motivate
an actor-critic based architecture to learn behavioural patterns. On the one hand, phys-
iological and anatomical data were used to propose a sensible criterion for learning to
select behaviours. They claim that there are as many possible correct choices for a given
a motivational state as criteria. However, some constraints can be extracted from the
combination of principles of ethological coherence combined with the rules of convergence
of the actor-critic. The final behavioural patters actually maximise reward: good actions
increase internal physiological stability and therefore are associated to a positive reward,
conversely for bad actions. In their work, this single principle was sufficient to constrain
the computations of the motivational state by the actor-critic towards patterns that ensure
internal stability.

While [3] have stressed the principle importance of affordance observations in the con-
text of reinforcement learning, their work has not tackled the consequences of informative
feature selection and extraction that are highly relevant in the context of affordance per-
ception. Actually, their work assumes a predefined and rather simple visual representation
that is not parameterized in the context of relevance feedback.

In our work on the learning of affordance cues [4] we have in contrast stressed the
importance of feature selection and extraction for the definition of affordance (or function)
based visual representations. In fact, we claim that the specific nature of function based
representations incorporates the core relevance of affordance perceptions, even affordance
relations in the context of affordance control.

We use the schematic diagram of the architecture of [3] to draw the extensions that
characterize our novel approach to affordance cueing in the framework of closed-loop learn-
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Figure 1: System architecture for learning and behavior selection according to Cos-
Aguilera et al. (marked black) and the extension of the presented work (marked green
and magenta).

ing in unknown environments. Fig. 1(b) depicts the specific the extensions stressed in the
MACS specific work (marked in green and magenta):

Hierarchical Entity Abstractions: In our model we implement a hierarchy of entity
abstractions that enables to define the appropriate level of detail in the representa-
tion of an affordance cue. This is fundamental to grant a learning system to select
or extract features that should be appropriate to represent affordance cues.

Informative Features from Relevance Feedback: The capability of extracting and
selecting features that become informative with respect to a specific relevance feed-
back is crucial to form affordance based representations, i.e., visual representations
that are function based and autonomously learned from interaction with the envi-
ronment.

In the next Section we describe the relation between the mathematical framework of
Markov Decision Processes with the concept of affordance based visual representations.
Visual representations of informative features that were learned by relevance feedback
do not necessarily only relate to simple static features but could be understood in a
more general framework. In particular, informative entities, i.e., spatio-temporal feature
abstractions, could be identified in terms of intentions that a robotic agent could identify
from other agents encountered in the environment.

2.3 Affordances in a framework of Markov Decision Processes (MDPs)

We present the relation between the mathematical framework of Markov Decision Pro-
cesses (MDP) in the context of decision making and utility theory, and the learning of
affordance based representations.
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Markov decision processes (MDPs) have already been introduced for object recognition
in the sense of optimal selection of visual procedures. Here, the MDP will provide the
general framework to outline informative feature recognition in a multistep decision task
with respect to the sensory-motor dynamics. An MDP is defined by a tuple (S;A;P ;R)
with state recognition set S, action set A, probabilistic transition function P and reward
function R.

In the following, we outline the characteristic elements of MDPs in the context of
affordance based sensory-motor processing:

States and Affordances: We define the state of a robotic agent as the vector of a current
observation of the robotic systems internal and external variables, i.e., integrating
valued attributes in terms of (i) interpretations from sensed information from the
environment and the robotic body, and (ii) from the quantification of internal pa-
rameters, such as, values of drives and internal abstractions that quantify the agent’s
motivational state. We particularly emphasize here that the concept of a state does
not contradict the notion of events in spatio-temporal feature space, in contrast,
the state of a robotic agent is here understood as the prototypical entity (defined
in space and time) that characterizes a specific distinct configuration of processes
experienced by the agent. Affordances are defined as the characteristic state that
discriminates a decision point in the sensory-motor processing where the state de-
termines a prediction about a potential future trajectory in perception-action space
can be made in a statistically optimal manner. The prediction is characterized in
terms of the estimate on future cumulative reward that is expected to be collected
via pursuing a strategy of action selection.

Actions and Affordances: Actions in the affordance relation context refer to the inter-
actions that provoke a specific outcome of interest. These actions might be robot
motor actions, functions defined on the feature space of observations, or operations
that structure the observations themselves.

Rewards and Affordances: Reward functions play a major role in affordance relations.
Firstly, they completely determine the development of an outcome specific entity
prototype. Secondly, the action that precedes the prototypical outcome should be
initiated from the observation of an affordance cue that itself must be determined
within the context of the outcome observation. Therefore, we conclude that even the
learning, selection and extraction of the affordance cue is in intimate relationship
with the reward function that hence determines the complete affordance relation.

From this discussion on the primary elements of MDPs in the context of affordance
relation we conclude that the reinforcement learning methodology would in general be
used to learn the complete affordance relation, i.e., outcome, action and the cue for the
priming of perception.

S×A → P (S) describes a probability distribution over subsequent states, given the
action a ∈ A executable in state s ∈ S. In each transition, the agent receives reward
according to R : S×A → R,Rt ∈ R. The agent must act to maximize the utility Q(s; a),
i.e., the expected discounted reward in order to receive the maximum of reward under the
rationale of a statistically optimal strategy.
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(a) (b)

Figure 2: (a) Scenario of the liftability experiment. (b) System overview depicting the
curiosity drive, the feature extraction stage for the definition of the perceptual state, and
the decision making module.

3 Implementation of Sensory-Motor Affordance Context

3.1 MDP for the Cueing of Liftability

Here we describe a simple experiment for the proof of concept that supposes that affor-
dance relations can be developed via reinforcement learning. The second assumption is
that affordance cues are merely perceptual states that are privileged by pointing to a
promising trajectory of sensory-motor processing according to a predetermined - mostly,
greedy action selection based - strategy where a specific cumulative reward, that favors the
prediction of a desired outcome, can best be estimated. As demonstrated in the Section
on experimental results, both assumptions were verified, in particular, via the learning
curve that showed an increase in the predictive power of the system that was driven to-
wards increased estimates of cumulative reward for perceptions with predictive power, i.e.,
it demonstrated efficient anticipatory performance and hence potential in supporting the
control of a decision making agent.

Fig. 2(a) shows the scenario of the liftability experiment (see deliverable D3.2.1). In
short, a robotic gripper is starting from an above position and going down to a test object
to the ground. Having the gripper on top of the test object, the gripper is magnetized,
then the gripper is raised. In this sense, the robot is checking visually whether the test
object can be lifted up or not.

Fig. 2(b) depicts a schematic diagram of the affordance based learning system. A
curiosity drive (left; visual attention for selecting regions of interest in the input image) is
first used to focus attention on interesting regions. Then the feature extraction component
(mid) determines a specific perceptual state. Third, the decision making unit (right) is on
the one hand deciding about action selection, and on the other hand updating its prediction
about the cumulative reward given a state-action pair Q(s, a). Based on increasing updates
of the action selection, the system is expected to improve by selecting those actions that
lead to higher values of reward in a statistical sense.
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(a) (b)

Figure 3: (a) Schema of the MDP in the decision making of the liftability experiment. (b)
Overview of the different perceptual stages.

The concept of defining multisensor perceptual states, motor actions of lifting and
lowering the gripper, as well as attributing reward is depicted in Fig. 3(a). Reward would
not be issued unless the gripper would be lifted up to a ‘high’ position and a test object
would be recognized in high position as well. Fig. 3(b) shows in detail the intermediate
stages of the sensory-motor processing system, where the individual frames attributed to
various states of the system are depicted by rectangles. The image top right shows a sample
frame with a successfully lifted object with the result ‘liftable’ and a correspondingly issued
reward of R = 1.

In particular, the elements of the MDP were attributed as follows:

States: The perceptual state was determined by multi-modal and proprioceptive features.
In particular, the state is described by S =< c∈{C1, .., CH}, d∈{Dcirc,Drect}, e∈{0, 1},
hr∈{1, 2, 3}, hg∈{1, 2, 3},m∈{0, 1} >, where Ci denotes the color prototype of the se-
lected region of interest, d denotes the descriptor prototype (circular, rectangular),
e the entity structure prototype (T=top, D=down positioned region), hr the region
elevation type (1,2,3), see Fig. 4(a), hg the gripper elevation type, and m denotes
whether the magnet was switched on or off.

Actions: Actions were built by a configuration of discrete gripper movements (down, up)
and magnet switches (on, off), providing a set of 4, binary encoded possible actions,
i.e., a1 = (down, on), a2 = (down, off), a3 = (up, on), and a4 = (up, off). In
general,one could also think of camera motions, such as, pan and tilt actions, but
these were not modeled in the preliminary experiments so far.

Rewards: The reward function was simplified in order to value the outcome of ‘liftability’
by issueing a positive reward of R = 1, and R = 0 otherwise.

3.2 Experimental Results

The results of the preliminary experiments demonstrate that the prediction of future
rewards from state-action pairs Q(s,a) has been successfully learned by the system. In
this sense, the system has learned affordance cues that are represented here in terms of
perceptual states.

Here are some sample attributes and associated estimates for cumulative reward: The
expected average reward for S =< c = green, d = Drect, e = top, hr = 1, hg = 3,m = 0 >
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(a) (b)

Figure 4: (a) Schema for relating the outcome of the liftability experiment with evaluation
by the reward function. (b) Learning curve and performance of the affordance based cueing
system.

(representing a top rectangle region, i.e., a true affordance cue for liftability) denoted
E(R) = 2, 73. For a non-predictive perceptual state, i.e., observing a circular top structure
(S =< c = green, d = Dcirc, e = top, hr = 1, hg = 3,m = 0 >) which would not become
liftable, the system estimated E(R) = 0, 23 which is significantly lower than for the pre-
dictive cue. For a region (S =< c = yellow, d = Drect, e = down, hr = 1, hg = 3,m = 0 >)
that would cue for neither liftability nor non-liftability, the system estimated E(R) = 1, 71,
which is correct in the sense that this region would be involved in both, liftable and non-
liftable events.

Fig. 4(b) shows a diagram about the learning curve of the system. With ongoing
update events, the system was showing to increase the overall prediction of reward for
a truly predictive cue. This means that it correctly anticipated the cumulative delayed
reward as it was experienced by the system.

It is important to note that the system learned the complete affordance relation. From
a given set of possible features, actions, and reward distributions, it updated the value
function in a way so as to optimize its estimates from state-action pairs. Given in the
sense of pre-determined knowledge was only the recognition of the outcome event: issuing
reward under the constraint of lifted gripper and test object. As a result of the learning
processing, the system found an action selection strategy that successfully delivered the
correct estimates which is proved by the fact that it finally predicted high reward for
predictive cues, i.e, it did not encounter purposeless, i.e., non-liftable events due to the
optimized strategy. In addition, the estimates were increased which means that it devel-
oped affordance cues in terms of the perceptual states with associated high cumulative
rewards.

4 State of Work and Outlook

In this Section we give an outline of the state of work and a description of future work
that is planned for the remaining period of time attributed to the work in Task 3.3.
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4.1 State of Work

We described above the concept and the theoretical framework for reinforcement learning
of affordance relations. Currently we have implemented the following software components
namely:

• Curiosity drive: a visual attention component that can focus of attention on regions
of interest and centre the image on the selected most salient region (implemented in
C++).

• Feature extraction: several modules for the processing of color blob detection (C++),
local SIFT detectors and descriptors (C++), SIFT histogram descriptors (C++), a
SIFT histogram classifier (C++), and detectors of test object and gripper elevation
type (Matlab).

• Simulator of robot experiment: in order to evaluate numerous activities of the root
and its actuators (gripper, magnet), we implemented a software component that
simulates all possible actions and outcomes, including perceptual state, reward and
action generation (implemented in Matlab).

• Reinforcement learning: a prototypical reinforcement learning component was ad-
justed for the purpose of learning the liftability affordance cues, and evaluating the
performance of the decision making system (implemented in Matlab).

Based on the current implementations we have done experiments to test the MDP
based decision making agent on the simulated imagery for the affordance ‘liftability’ as
described above.

4.2 Outlook

Ongoing as well as future work is dedicated to the following issues namely:

Real World Experiments: Currently we are building up a playground in a real world
scenario and plan to perform extensive experiments with various test objects there.
In addition, the scenario for learning the affordance ‘stackability’ is planned and will
be implemented in the near future. Additional computer vision functionalities will
be included in order to enable robustness of affordance recognition under real world
conditions (image noise, illumination conditions, etc.).

POMDP based Framework for Affordance Learning: Perception itself would sel-
dom provide results and therefore state definitions under Markovian consraints.
Therefore it is crucial to extend the theoretical framework on reinforcement learn-
ing for Partial Observable Markov Decision Processes (POMDP). Investigations on
which framework to use out of several existing ones are still ongoing.

Affordance Attention and Perception Masking: Once several affordance recognition
functionalities would be implemented we can start the investigation and the im-
plementation of affordance attention. In general, we seek to experiment with the
masking of perceptual states due to the narrowed focus of attentive processing.
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Motivational States and Drives: In more complex scenarios it might make sense to
investigate the impact of motivations of the agent on the selection of behaviors under
identical environment conditions. Here, the influence of the selected robot task and
the history and the state of the agent’s experience would come into play.

5 Related documents
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